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A PRACTICAL APPROACH TO DEVELOPMENT AND 
VALIDATION OF CREDIT RISK MODELS BASED ON DATA 
ANALYSIS 
 

Abstract. The main objective of this research is to define how the 
performance of the models used by commercial banks in granting loans and for 
calculating the ECL according to IFRS9 is developed and validated. The 
development and validation of a high-performance model are two of the 
fundamental processes that can avoid the risk of non-payment in case of granting 
loans by a banking institution. Once a model has been developed, it is validated to 
assess the predictive power of risk estimators and rating models. Thus, in this 
research, several techniques for validating the performance of credit risk models 
will be presented and, with the help of the Python programming language, we will 
test these techniques on a data set consisting of observations regarding the clients 
of a credit portfolio. The case study illustrates how a credit risk model has been 
developed for default probability and how its performance has been validated in 
terms of power of discrimination, stability and accuracy. 
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1. Introduction 
Banks play a key role in any type of economy, whether it is a developed or 

a developing economy, and their proper functioning contributes to accelerating 
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economic growth. Two of the most important roles of a bank are to take deposits 
and lend. Banks are also the main providers of payment services in any economy.  

Lending is not the only service offered by banks. At the same time, they 
use the funds available for investment and allocate money to the most profitable 
projects in the economy. Thus, the allocated money is used by companies and 
households also for investment purposes and ends up being deposited in the bank's 
accounts in the form of deposits when they will profit from those investments. One 
of the most important sources of income for banks is the difference between the 
interest rate on deposits and the interest rate on loans. So, one of the crucial 
indicators for the banking sector is the ratio between loans and deposits (Chirita & 
Nica, 2019). Another approach related to an analysis of investment decisions from 
IC&T industry in the context of behavioral economy was presented in (Chirita et 
al, 2021). The development of an index score for the internal auditor profile in 
Romania based on real data analysis was described in (Mocanu & Ciurea, 2019). 

So, among the many roles of the bank we can list: it acts as an intermediary 
between those people who need funds and those who have excess money; 
facilitates commercial transactions; helps to develop the national economy by 
providing credit to businesses in all industries; by granting consumer loans with 
advantageous interest rates, it helps to raise the standard of living. 

In general, banking is considered a risky business with many sources of 
risk, so the risk management process begins by identifying and investigating those 
activities that generate risks or losses and continues by assessing, analyzing and 
measuring them. The next step is to establish measures that can be taken to prevent 
or address these possible situations. Once a series of measures have been 
implemented, the final step is to monitor and review those risk management 
practices, as appropriate. In the context of the COVID-19 pandemic, many banking 
institutions have encountered difficulties in adapting credit risk models because 
various laws and regulations have been issued that have had an impact on the 
scoring system, and therefore on credit risk models (Chirita & Nica, 2020). 

Credit risk together with the development, validation and management of 
risk models are the most critical elements in any economic entity. 

 
2. Conceptual Dimensions of Risk in the Banking field 
Since the onset of the credit crunch in the United States and in Europe in 

2006, risk managers have learned valuable lessons about quantifying, assessing, 
and the importance of properly measuring bank risk. The field of risk management 
has undergone enormous change over the last 50 years, and the pace of change is 
accelerating, largely due to the recent crises and speculative bubbles that have 
taken place so far. The events of the last decade have also changed the way we 
think, good practices and definitions of risk management. Below we will mention 
some of the most significant definitions of risk management (Bessis, 2002). 

Risk management is a discipline that clearly indicates the management of 
risks and the returns of each major strategic decision at both institutional and 
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transactional level. Discipline risk management shows how to change strategy to 
align compensation with long-term and short-term risk profitability in an 
enterprise. This discipline includes several subdomains that are inseparable and can 
overlap. We mention some of the most important: credit risk, market risk, asset and 
liability management, liquidity risk, methodology for calculating and allocating 
capital, operational risk and performance measurement. 

As a rule, the financial assets managed by a Romanian commercial bank 
are subject to several general accounting standards and regulations such as IFRS9, 
IFRS7, IAS18, EBA GL 2017/06, European Regulation 575/2013 or NBR 
Regulation 5/2013.  

From the perspective of a preliminary analysis of the risks to which 
commercial banks are subject, they may be: financial risks (credit risk, liquidity 
risk, interest rate risk, excessive leverage risk, currency risk), operational risks 
(model risk , strategic risk and ICT, conduct risk, legal risk), human risks (psycho-
social risks, risks of attracting and retaining employees), strategic risks (risks 
generated by legislative changes, risks generated by technological progress), 
accidental risks (risk generated fires, seismic risk) and risks generated by financial 
contagion. 
 

Risk management is done by the following actors: 
 Institutions of supervision and regulation of the bank: These cannot prevent 

bank failures. Their main role is to act as intermediaries in the risk 
management process and to improve and monitor the statutory framework 
for risk management. By creating the right environment, banking regulators 
and supervisors play a crucial role in influencing other key players. 

 Shareholders: They are able to appoint the persons responsible for the 
corporate governance process and a careful examination must be carried out 
by the regulators in order to ensure and verify that they do not intend to use 
the bank only to finance their own businesses or their associates. 

 Executive management: It must be chosen appropriately and appropriately 
for these responsibilities. Executive managers are those who have the 
competence to define ethical behavior and the management of the bank. He 
must have knowledge of both the management and the financial risks that a 
bank manages. 

 The audit committee and the internal auditors: These should be seen as an 
extension of the risk management policy function of the board of directors. 
Internal auditors are responsible for independently assessing the bank's 
compliance with internal control systems, accounting practices, internal rules 
and procedures, and information systems. The audit committee has an 
important role to play in identifying and addressing risk areas, but it is not 
their responsibility to manage them, but they need to be integrated into all 
levels of management. 
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 External auditors: Play an important role in evaluating the risk-based 
financial reporting process. Appropriate liaison mechanisms are needed 
between banking supervisors and external auditors. 

 Consumers as market participants: They must take responsibility for their 
own investment decisions. They need to be well informed and can be 
assisted by financial media, financial analysts, brokers and rating agencies. 
The banking system is one of the most important systems, in our opinion, 

because its effects can spread beyond it, to influence the behavior of markets such 
as foreign exchange or high impact in an economy, both micro economically and at 
macroeconomic level. Therefore, we consider an analysis to be relevant both 
internally and externally in order to be able to make certain strategic decisions. 
Even if in this article we will focus on the credit risk analysis and the validation of 
the related models, it is important to know the whole range of existing risks that 
can be formed at the level of the banking system. The bank's core business, 
lending, is focused on borrowers and borrowers, mainly dealing with two 
components: money management and risk quantification (Bouteille & Coogan-
Pushner, 2013). 
 In order to be able to manage the credit risk and the credit risk model 
within the banking institutions, it is necessary to know several fundamental 
notions. For example, inability to pay is a risk that a borrower can no longer repay 
the amount owed to the bank. The default concept practically indicates a borrower 
or a credit account holder who no longer pays his obligation to the bank according 
to the credit agreement. Another type of credit risk is the probability of default that 
is estimated as a measure of the probability of a debtor to repay his loan or the 
inability to fulfill his contractual obligations (Bandyopadhyay, 2006). 

 
3. Credit Risk Models 
To ensure that losses are lower when it comes to lending, banks need to 

take a number of steps. The best way to reduce losses is to carefully monitor and 
measure risk, build and implement credit risk models with which banks can make a 
forecast of expected losses as close to reality as possible. These losses are the 
amount that the lender could lose by lending and can be calculated as the product 
of three components: ܮܥܧ = ܦܲ ∗ ܦܩܮ ∗  ܦܣܧ
 

The information we have available for model development may vary 
depending on the type of debtor. For individuals, we may have demographic and 
socio-demographic information, such as age, gender, occupation, level of 
education, income level, zip code, etc. Other information is related to the 
characteristics of the product that a customer is requesting, the purpose of the loan 
and the interest rate. In addition, we may have data provided by external agencies, 
such as credit ratings. 
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In the case of mortgages, the ratio between the mortgage loan and the value of the 
mortgaged property is very important. 
ܸܶܮ  = ݁ܿ݅ݎܲ	ݕݐݎ݁ݎܲݐ݅݀݁ݎܿ	݁݃ܽ݃ݐݎܯ	  

 
LTV or Loan to Value is an indicator used by banks that reflects the value 

of the loan in the total market value of the guarantee. In analyzing a company's 
credit demand, banks can consider the industry in which they operate, its size, 
financial situation, and can calculate ratios such as return on assets (ROA), return 
on equity (ROE), etc. 

A variety of risk modeling information may be available at the time of loan 
application and may be used by the bank to build models based on credit 
applications, by estimating credit risk, so that it can decide whether or not to grant 
the loan and what interest to pay. apply. The riskier a loan is, the higher the interest 
rate. 
  Many of the customer's information will be known to the bank only after 
the loan is granted and after the debtor's behavior has been sufficiently observed 
and analyzed. This additional data can be used to develop behavioral models. 
Behavioral models are used by banks to calculate PD and ECL and to decide 
whether to grant another loan to an existing customer. 
 

3.1. Probability of Default (PD) 
Probability of Default is a key risk parameter used in the context of credit 

risk management. It is a measure that assigns a numerical value between 0 and 1 to 
the probability of a properly defined credit event (such as default, bankruptcy) 
within a specified time horizon. In the internal valuation approach, the probability 
of default (abbreviated PD) of a counterparty is estimated over a period of one 
year. 

The probability of default is usually modeled by a logistic regression, 
being very easy to interpret. In terms of probabilities, the logistic regression model 
estimates the probability of an event occurring. First, for PD modeling, it must be 
determined which is the dependent variable or, in other words, what is to be 
estimated. According to Řezáč M. and Řezáč F. (2011), “In the case of credit 
scores, it is necessary to accurately define good customers and bad customers. This 
definition is usually based on the number of days that have elapsed since the due 
date. " Usually, a borrower can be considered a bad customer if he has exceeded 
the due date by more than 90 days. 

 
3.2. Loss Given Default (LGD) 
The percentage of exposure that will be lost and cannot be recovered is 

counted by the Loss Given Default indicator (Frye, 2004). 
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 As there is a direct link between the LGD and the so-called recovery rate 
(RR), in practice the loss is modeled in the event of non-repayment by RR, which 
can be calculated as that proportion of the amount financed which was recovered 
by the time of entry into non-refund status:  ܴܴ = ܮܣܴܣ , ܴܴ ∈ [0,1] 
RR means Recovery Rate; AR means Amount Recovered and AL represent 
Amount Loaned. Thus, with the help of the recovery rate, LGD can be calculated 
with the following formula: ܦܩܮ	 = 1 − ܴܴ, 	ܦܩܮ ∈ [0,1] 
 

An LGD value of 100% and a recovery rate of 0% are interpreted by the 
fact that the bank fails to recover the loan. 

As in the case of PD, long-term historical data on debtors' debt is essential. 
When collecting this data, it must be considered that the state of the economy may 
change the value of collateral and other factors, as well as the ability of borrowers 
to repay their loans. 

Many other variables that could affect this component must be considered 
when creating a database for estimating LGD, such as: information about loans and 
collateral, collateral deposits, and other characteristics of the borrower, such as 
creditworthiness, geographic area and the industry in which it operates. 

As real estate collateral continues to be a major form of collateral, it is very 
important to monitor real estate market trends to see what steps need to be taken if 
the real estate market is declining, to find out how long it takes to sell the property 
in real estate. case of non-payment etc. (Spuchlakowa & Cug, 2015). 

Financial-banking institutions often suffer additional losses due to 
collateral that can no longer cover loans. If the value of real estate collateral may 
decrease during periods of default and strongly reflect the creditworthiness of 
borrowers, these additional losses should be included in the LGD estimate. 

 
3.3. Exposure at Default (EAD) and Credit Conversion Factor (CCF) 
Non-repayment exposure or exposure at default (EAD) is the total amount 

that a creditor is exposed to when a debtor goes into default. That is, it is the 
maximum amount that a bank can lose when a borrower can no longer pay its 
debts. In many cases the bank grants a loan, but the lender does not use the full 
amount or may have paid off a large portion of the loan at the time of default. 

Therefore, the dependent variable for the EAD model will be that 
proportion of the borrowed amount that has not been repaid. This ratio is called the 
Credit Conversion Factor (CCF) and takes values between 0 (if all the loan has 
been repaid) and 1 (if no part of the money has been repaid) and can be calculated 
so: ܨܥܥ = ܮܣ − ܮܣܴܣ  
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Then, Exposure at Default can be easily calculated that way: 

ܦܣܧ  = ܨܥܥ ∗  ܮܣ
 

3.4. Scorecards 
For credit sales agents and employees who do not have extensive 

experience in statistics, the models for estimating credit risk are simplified in the 
form of scorecards. The score of the PD model in the form of scores is represented 
in a scorecard. 

Depending on the information used to develop the model, scorecards can 
be of two types: Application Scorecards and Behavioral Scorecards. 

Whether we are talking about a credit application from a new client or 
from an existing one, each borrower is represented by his credit score. The lower 
this score, the higher the risk. 

This score was developed and provided by a company called Fair Isaac 
Corporation and can take values between 300 and 850. A credit score of 300 shows 
that the person being assessed has the highest possible level of credit risk and will 
not may honor contractual obligations. Instead, a credit score of 850 shows that the 
person being assessed has the lowest possible level of credit risk and the highest 
willingness to repay the borrowed amount (Bouteille & Coogan-Pushner, 2013). 
 
   4. Case Study: Development and Validation of Credit Risk Models 

In the following, the components of credit risk will be modeled and 
scorecards will be built using Python programming language, together with 
pandas, which is a quick, powerful, versatile, and easy-to-use open source data 
analysis and processing tool (https://pandas.pydata.org).  For this, a 7-year database 
will be used, which contains a series of information about people who have applied 
for a peer-to-peer loan. The source of the data  is www.kaggle.com. 

PD, LGD and EAD modeling involves steps: preprocessing data, 
estimating models, testing and evaluating their performance. 

The database contains a number of dependent and independent variables. 
Independent variables or predictors are those that contain the information needed to 
make a prediction of dependent variables. 

For the PD model, the dependent variable will be the status of the loan. For 
the LGD model, the dependent variable will be how much could be recovered from 
the loan until the borrower went into default, and in the case of EAD, the total 
exposure will be used from the time of default. compared to the total past exposure. 

In order to be able to present the model in a much simpler form by means 
of scorecards, its independent variables must be categorical. Therefore, the step of 
data preprocessing for the PD model will be to transform all independent variables 
into categorical variables or so-called dummy variables. For those variables that are 
already discrete, preprocessing will consist of creating dummy variables for each of 



 
 
 
 
 
 
Cristian Ci
________

58 

their origin
information
with the u
variables, 
granted, w
procedure c
several equ
they differe

If t
interclassed
not need to

In 
repayment 
variables to
specific to 

 

 
Th

string, beca
for the vari
the remaind
of the first 
variables, b
to calculate

By
months is 
convert the
generating 

urea, Nora C
__________
nal categorie
n, they hold 
ultimate goa
such as ann

will also be
called Fine C
ual size rang
entiate betwe
two common
d, otherwise 

o be equal. Th
the figure b
term or se

o be of integ
the Python p

he variable th
ause there is
iable describ
der is conver
loan and the

but it is assum
e the time tha
y examining 

converted a
e variable fr
descriptive s

Chiriță, Ionuț
__________
es. If the disc
d is negligibl
al of reducin
nual income 
e converted 
Classing. Thi
es. Once the
een repaid an
n categories 
they will b

his procedur
elow, you ca

eniority, are 
ger type, they
programming

Figure 

hat describes 
s a string aft
bing the dura
rted into a nu
e date of gran
med that the
at has elapse
the oldest l

and the pand
rom string to
statistics, the

ț Nica 
__________
crete variabl
le, they will 
ng the total
or the num
to dummy

is procedure 
ese intervals 
nd non-repaid

make the d
e part of an

re is called C
an see that a
time constr

y will be tran
g environmen

1. Type of va

the length o
ter each digi
ation of the l
umeric variab
nting the loa

ey should be 
ed since each
loan granted
das.to_dateti
o data, savin
e following a

__________
les have too 

be combine
 number of

mber of mon
y variables, 
involves div
are created, 
d loans. 

difference equ
other variab
oarse Classin
a number of 
raints. In or
nsformed wi
nt. 

ariables 
Sou

of service of 
it, which wil
loan, the exc
ble. In the ca
an, it can be 
data variabl

h of these eve
d, the differe
ime() functi
ng the result
are obtained:

__________
many categ

ed into a new
f variables.
nths since th

following 
viding each v

it is analyze

ually well, t
le, and the i
ng. 

f variables, s
rder for all 
ith the help o

 

urce: our own 

the debtor is
ll be deleted

cess text is re
ase of variabl
seen that the
es. What can

ents. 
ence betwee
on is used, 
t to a new v

________ 

 

gories or the 
w category, 
Continuous 

he loan was 
a different 

variable into 
ed how well 

they will be 
intervals do 

uch as loan 
continuous 

of functions 

computation 

s stored as a 
d. Similarly, 
emoved and 
les, the date 
ey are string 
n be done is 

en days and 
which will 

variable. By 



 
 
 
 
 
A Practical
on Data An
_________

 

 

 
Th

correct, bu
transformat
misinterpre
instead of 
analysis, th
request. cre
that variabl
information
categories t

 

 
Sev

of the initia
of risk. Sim
concatenate

Ne
missing val

 

l Approach to
nalysis 
___________

he mean, stan
ut the mini
tion of str
eted the yea
1980. In ord
hey are repl
edit. Dummy
le has k cate
n. In this c
that are in th

Figur

ven dummy 
al variable. F

milarly, dumm
ed with the o

ext, we exam
lues on each 

o Developm

___________

Figure 2

ndard deviati
mum value 

ring variabl
ars before 20
der not to eli
aced by the 
y variables m
egories, k-1 d
case, the pa
he variable de

re 3. Dummy 

variables ar
For example
my variables
original datab
mine wheth
 column usin

ent and Vali

___________

. Descriptive

ion, quartiles
is negative

es into da
000, turning
iminate all th

maximum v
must be used
dummy varia
andas.get_du
egree of risk

variables for

re obtained th
, the applica

s are construc
base. 
er there are
ng the sum()

dation of Cre

__________

 
 statistics 

Sou

s, and maxim
e. This is 

ata variables
g them into 
hese negativ
value of the

d to preproce
ables are con
ummies() fun
. 

r the degree o
Sou

hat match th
ant with ID 3
cted for all c

e missing v
and isnull()

edit Risk Mo

___________

urce: our own 

mum value a
a conseque
s. The fun
2080-type o
e observatio

e months sin
ess discrete v
nstructed to s
nction is us

of risk 
urce: our own 

he number o
3 falls into th
categorical va

alues by su
methods. 

odels Based 

__________ 

59 

computation 

appear to be 
nce of the 

nction used 
observations 
ns from the 

nce the first 
variables. If 
structure the 
sed for the 

 

computation 

f categories 
he B degree 
ariables and 

umming the 



 
 
 
 
 
 
Cristian Ci
________

60 

 
Fro

observation
missing va
missing co
will be rep
amounts fi
are required

Ne
The statisti
logistic reg
a customer
represented
 

 
The only r
found in th
 

 
 
accounts th
variable is 
take the va

urea, Nora C
__________

om the figur
ns: occupatio
lues is to rem
mments in th
placed by th
nanced by th
d in the analy

ext, based on
ical method 

gression in w
r being good
d by dummy 

ln ൬݂݂ܰ݀݁݁ܦ
relevant info
he column ind

The figure a
hat correspo
built and usi

alue 0 if it fal

Chiriță, Ionuț
__________

Figur

re above, it c
on, seniority
move or repl
he annual in

he average a
he creditor. 
ysis will be r
n the constru

that will be
which the dep
d-paying or 
variables. ݂൰ = 	߮  ߮

ormation that
dicating the s

Figure

above shows
ond to each
ing the nump
lls into one o

ț Nica 
__________

re 4. Missing 

can be seen 
y, date of firs
lace them wi

ncome colum
annual incom
The missing
replaced by t
ucted scorec
e used to m
pendent varia

bad-paying,

߮ ∗ ܺ  ߮ଵ
t can help b
status of the 

e 5. Loan situ

s the statuses
 status, and

py.where() fu
of the varian

__________

values 
Sou

that there ar
st credit, etc
ith another v

mns and the c
me, respectiv
g values for 
the value 0.
ard, the PD 
odel the pro
able is repres
 and the ind

ଵ ∗ ଵܺ  ⋯
build the dep

loan. 

uations 
Sou

s that a loan c
d their propo
unction and t
nts ("Default"

__________

urce: our own 

re a number
c. One way t
value. Becau
current credit
vely the ave
the other va

model will 
obability of 
sented by the
dependent v

 ߮ ∗ ܺ 

pendent varia

 

urce: our own 

can have, the
ortion. A n
the isin() me
", "Late (31-

________ 

 

 

computation 

r of missing 
to deal with 
use there are 
t limit, they 

erage of the 
ariables that 

be formed. 
default is a 

e chances of 
ariables are 

able can be 

computation 

e number of 
ew dummy 

ethod, it will 
120 days)") 



 
 
 
 
 
A Practical
on Data An
_________

 

, “Charged
value 1, oth
 
variable an
coefficients
 
test set are 
the initial 
database an
 
will autom
observation
and the num
in the total 
the differen
IV. By app
the debtor, 
 

 
 
variable "d
in the mode
 
discrete var
is built with
 
abscissa an
 

l Approach to
nalysis 
___________
d Off”, “Doe
herwise. 

Using logi
nd the inde
s will be esti
To avoid th

used, the sci
data set. In 

nd the test se
To determin

mate these ca
ns in the tota
mber of bad 
number of b

nce between 
plying the ab
the followin

Figur

In the figur
degrees" has 
el. 
In order to 

riables into d
h which a se
These grap

nd the WoE v

o Developm

___________
es not meet t

istic regress
ependent va
imated. 
he problem o
ikit-learning 
this case, t

et 20%. 
ne WoE and
alculations. T
al number of
payers and t

borrowers, re
 the two pro

bove function
ng results are

re 6. WoE and

re above, it c
a medium to

be able to d
dummy varia
ries of graph

phs will hav
values on the

ent and Vali

___________
the credit po

sion, the rel
ariables will

of overfitting
library offer

the training 

d IV for discr
The next ste
f observation
then the prop

esulting in W
oportions and
n to the varia
e obtained: 

d IV calculat

can be seen th
o high predic

decide how to
ables and to 
hs will be ma
ve the indep
e ordinate. 

dation of Cre

__________
olicy. Status:

lationship b
l be analyz

g or underfitt
ring a pretty 
set will con

rete variables
ep is to calc
ns, then the 
portions of g

WoE by divid
d multiplying
able indicati

tion - degree o
Sou

hat IV = 0.2
ctive power 

o organize th
be able to in

ade (Costea, 
pendent vari

edit Risk Mo

___________
 Charged Of

between the 
ed and the 

ting, a trainin
good method

ntain 80% of

s, a function 
culate the pr
number of g

good and bad
ing the two. 
g by WoE w
ing the degre

of risk 
urce: our own 

9, which me
and should 

he original c
nterpret WoE

2017). 
iable catego

odels Based 

__________ 

61 

ff”) and the 

dependent 
regression 

ng set and a 
d of sharing 
f the initial 

is built that 
roportion of 
good payers 
d borrowers 
Calculating 

will result in 
ee of risk to 

computation 

eans that the 
be included 

ategories of 
E, a function 

ries on the 

 



 
 
 
 
 
 
Cristian Ci
________

62 

 
As

risk increas
the WoE. 
regression 
impact of 
reference c

Be
test it, the 
through the
the drive se
specific to 
the set con
containing 
display the
necessary t
good-payin
the statistic

urea, Nora C
__________

 can be seen
ses from the 

Therefore, 
model, one 
all other va

category will 
cause the dr
latter must 

e same prepr
et with the t
the scikit-lea

nsisting of all
the depende

e estimated v
to decide wh
ng or bad-pay
cal significan

Figure 8

Chiriță, Ionuț
__________

Figure 7

n from the ch
highest (G) 
because th
of them is 

ariables on 
be the one w

rive set is us
have the sa

rocessing step
est set. In or
arn library m
l dummy var
ent variable. 
values of the 
hich independ
ying status o
nce of the reg

8. Intercept, r

ț Nica 
__________

. WoE - degr

hart, WoE in
to the best (
e dummy v
kept as a re
the result w

with the high
ed to build t
ame dummy
ps. Therefore
rder to estim

must be appli
riables, witho
In addition, 
coefficients 
dent variable
of each client
gression coef

regression co

__________

ree of risk 
Sou

ncreases almo
(A). The bett
variables wi
eference cate
will be evalu
hest degree o
the model an
y variables a
e, the entire 

mate the PD m
ied, which w
out reference
two other fu
and the valu

es contribute
t. The metho
fficients usin

 
efficients and

Sou

__________

 

urce: our own 

ost monotono
ter the grade
ill be introd
egory against
uated. In thi
f risk (G). 

nd the test se
as the drive 
code is run b
model, the fi

will receive as
e categories,
unctions will
ue of free tim
 to the estim

od to be used
ng p-value. 

d p-value 
urce: our own 

________ 

 

computation 

ously as the 
e, the higher 
duced in a 
t which the 
is case, the 

et is used to 
set and go 

by replacing 
it () method 
s arguments 
, and the set 
l be used to 

me. It is also 
mation of the 
d is to check 

computation 



 
 
 
 
 
A Practical
on Data An
_________

 

 
Ea

variables. S
must all b
dummy var

In 
the variable
in the analy
all coeffici
decided wh
logistic reg

Th
chances of
payer) and 
of the man
paying cust
From the f
good payer

Aft
estimate th
done using
prediction 
receives. T
being good

 

 
An

This shows
many of th
versa. 

Th
According 
which calc

l Approach to
nalysis 
___________

ch original 
So, if the coe
e kept. But 
riables must 
the figure ab
es that descr
ysis are kep
ients are ins
hich variable
gression will 
he exponent 
f an event oc

a 1-value (b
nikin variable
tomer. 
figure above,
rs than risk G
fter the mode
he probability
g the predict_

method, wit
The output o
d or bad. 

Fi

n analysis of
s how many 
hem are good

he crosstab()
to McKinn

culate group 

o Developm

___________

independen
efficients of 
if none of 
be removed.
bove the p-v
ribe the degre
t. Instead, fo

significant, s
es are not use

be applied a
of the coef

ccurring that
bad-payer) ob
es in the PD

, it can be se
G borrowers w
el creation st
y of default f
_test() meth
th the test se
of this meth

igure 9. Prob

f the confusi
good or bad
d customers,

 function is 
ney (2013), "

frequencies

ent and Vali

___________

nt variable i
these variab
the coefficie
. 
value is less 
ee of risk of 
or the maxim
so all variab
eful in the an
again. 
fficient of a
t occur betw
bservation ca

D model mea

een that risk
with ݁.଼଼ଽସହ
tep, the test 
for each obse
od, which ta
et entries be

hod will give

babilities of g

ion matrix c
-paying debt
, but the mo

used to crea
"Cross-tables
s." The funct

dation of Cre

__________

is represente
bles are statis
ents are stat

than 0.05 fo
f the client, th
mum amount
les are remo

nalysis and w

a dummy va
ween a zero-v
an change. T
an a higher c

k C borrowerହ଼ = 2.43 
step follows

ervation in th
akes the mod
eing the only
e each custo

ood-bad valu
Sou

can be made 
tors were pre

odel predicte

ate the confu
s are a speci
tion will rec

edit Risk Mo

___________

ed by seve
stically signi
tistically sign

or all the coe
herefore, all 
t a customer
oved. Once 

which are elim

ariable show
value observ

Therefore, hig
chance of be

rs are more 

s. The mode
he test data. T
del data and 
y argument 
omer the pro

 
ues 
urce: our own 

to evaluate 
edicted as su
d them as b

usion matrix
ial case of p
ceive as par

odels Based 

__________ 

63 

ral dummy 
ificant, they 
nificant, all 

efficients of 
the degrees 

r can spend, 
it has been 

minated, the 

ws how the 
vation (bad-
gher values 
eing a good 

likely to be 

el is used to 
This will be 
applies the 
the method 
obability of 

computation 

the model. 
uch and how 
ad and vice 

x in Python. 
pivot tables, 
ameters the 



 
 
 
 
 
 
Cristian Ci
________

64 

data of the 
the number

 

 
In 

a multitude
classified a
portfolio ar
all applican
used to ma
granted to 
following r
 

 

 
At 

also fewer 
loan, it wil
of approve
restrictive, 
minimize r

In 
in the case
accuracy is
more intere
approach th
true-positiv
construct th
 

urea, Nora C
__________

test set and 
r of observat

Figure

the figure ab
e of false-pos
as good-pay
re late in pay
nts as good p
ake the decis

a large num
results are ob

Figure

the threshol
true-negativ

ll dramaticall
d application
the main int

risk, but also 
the case of t
e of the 0.9
s not a univer
ested in fals
his problem 
ve and false-
he ROC curv

Chiriță, Ionuț
__________

the predicted
tions of the v

e 10. Good-ba

bove, it can b
sitive observ

ying. This is
ying their de
payers. There
sion to accep
mber of bad
btained: 

e 11. Good-ba

ld of 0.9 the
ve observatio
ly reduce the
ns. This show
terest of cred
to grant as m

the 0.5 cut-of
9 cut-off it w
rsal method 

se-positive ob
and check th
-negative ob
ve. 

ț Nica 
__________
d data and w

variables that

ad confusion 

be seen that 
vations, many
s due to the
ebts, and the 
efore, if this 
pt or reject 

d credit appl

ad confusion 

ere are far fe
ons. So, if a
e number of 
ws that the v

ditors when i
many loans a
ff, the accura
was 0.59. T
of measurem
bservations. 
he performan
bservations fo

__________
will build us a
t fall into eac

 
matrix – cut

Sou

the use of a 
y bad-paying
e fact that v
logistic regr
model with 
credit applic
licants. Usin

 

matrix – cut
Sou

ewer false-po
a lender use
bad custome

value of 0.9 
t comes to m

as possible. 
acy of the m

Therefore, it 
ment for a PD

One of the 
nce of the mo
for different 

__________
a table that w
ch category.

-off 0.5 
urce: our own 

cut-off of 0.
g debtors bei
very few cli
ression classi

a threshold 
cations, loan
ng a cut-off 

-off 0.9 
urce: our own 

ositive observ
s this model
ers, but also 
of the cut-o

modeling cred

model was abo
can be con

D model and
most comm

odel is to see
threshold va

________ 

 

will show us 

computation 

.5 generates 
ing wrongly 
ients in the 
ified almost 
of 0.5 were 

ns would be 
of 0.9, the 

computation 

vations, but 
l to grant a 
the number 

off is far too 
dit risk is to 

out 0.9, and 
ncluded that 
d that we are 
mon ways to 

e the rate of 
alues and to 



 
 
 
 
 
A Practical
on Data An
_________

 

Th
curve is to 
performanc
so the mod

Ne
and the Ko
rich and po
inequality b

To
population,
percentage 
 

 
The Gini co
curve (AUC
 

 
So, Gini is 
 

l Approach to
nalysis 
___________

he graph abo
the left of t

ce is, calcula
del has a reas
ext, the perfo
olmogorov-S
oor people i
between goo
 calculate th
, the cumul
of bad custo

oefficient wi
C), as followܰܫܩ
equal to 0.42

o Developm

___________

Figure 12. R

ove shows th
the 45-degre
ate the area u
onable perfo

ormance of t
Smirnov test.
n an econom

od and bad de
e Gini coeffi
lative percen
omers. 

Figure 13. G

ill be calcula
ws (Schatz, 2ܰܫ = 2 ∗ ܥܷܣ
2, a pretty go

ent and Vali

___________

ROC Curve o

 
hat the mode
ee dotted line
under the cu

ormance. 
the model is 
. The first m
my. In this c
ebtors. 

ficient, we ne
ntage of go

GINI Curve o

ated using dir
ܥ :(2020 − 1 = 2 ∗
ood value for

dation of Cre

__________

of PD Model
Sou

el is a good 
e. To find ou

urve (AUC). 

analyzed us
measures inco
case, it will 

eed the cumu
ood custome

of PD Model
Sou

rectly under 

0.71 − 1 =
r a bank's cli

edit Risk Mo

___________

 

urce: our own 

one, becaus
ut exactly ho
Its value is 

sing the Gini
ome inequal
be used to m

ulative percen
ers and the 

 

urce: our own 

the area und

0.42 

ient portfolio

odels Based 

__________ 

65 

computation 

se the ROC 
ow good its 
about 71%, 

i coefficient 
ity between 
measure the 

ntage of the 
cumulative 

computation 

der the 

o. 



 
 
 
 
 
 
Cristian Ciurea, Nora Chiriță, Ionuț Nica 
____________________________________________________________ 

66 
 

4. Conclusions 
The case study highlighted that the modeling of credit risk components 

required the construction of dependent variables and the choice of a set of 
independent variables. In the process of estimating the regression and p-value 
coefficients for the PD model, we used logistic regression to model whether or not 
the borrowers in the loan portfolio are in default. The first step was to apply the 
same logistic model used in the case of PD, analyzing whether the dependent 
variable represented by the recovery rate has the value zero or not. 

In the test step of the model, we used the predict() or predict_test() 
methods specific to the sklearn library of the Python language to determine the 
probabilities or predicted values of the dependent variables. 

In the step of evaluating the performance of the PD model we used the 
confusion matrix, we calculated the accuracy for two thresholds and we noticed 
that this cannot be considered a good method of evaluating a model. Next, we used 
the ROC curve and calculated the area under the curve, resulting in a reasonable 
performance of the model. We also calculated the Gini coefficient using the area 
under the curve. 

Credit risk is the most important and most difficult to quantify the risk to 
which a banking financial institution is exposed, the incorrect assessment of the 
probability of default having serious consequences on that institution and beyond. 
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